Abstract-In this paper, the problem of resource allocation in overloaded orthogonal frequency division multiplexing (OFDM) based multiple-input multiple-output (MIMO) cognitive radio (CR) system is considered. The objective is to allocate the different subcarrier and distribute the available user power in order to maximize the CR system throughput. The interference induced to the primary system should not be harmful and hence, should not exceed the prescribed limit. Interference alignment (IA) technique is employed in order to achieve an efficient use of the available radio resources. Without affecting the quality of service of the primary system, IA enables the secondary users to share the available spectrum which increases the CR system degrees-offreedom. Due to IA feasibility condition, the spectrum sharing with perfect IA is restricted to a certain number of user per subcarrier. Accordingly, the resource management problem is formulated as a mixed-integer optimization problem which is considered as an N P-hard problem. To reduce the computational complexity of the problem, a two-phase efficient sub-optimal algorithm is proposed. Frequency-clustering is performed in the first phase to the overcome IA feasibility conditions while the power is distributed among subcarriers in the second phase. Simulations show that IA technique achieves a significant sumrate increase of CR systems compared with the traditional CR systems that use orthogonal multiple access transmission techniques.
I. INTRODUCTION
The demand of the frequency spectrum is increasing continuously as result of the rapid grow of the high data rate requirements of the applications, consumers and new wireless standards. The currently used frequency allocation model is regulated by the governmental agencies and divides the spectrum into several bands. Generally, these different bands are allocated exclusively to a specific user or service. The static spectrum licensing system leads to inefficient use of the spectrum as conducted by practical measurement [1] . In order to overcome the spectrum scarcity and underutilization problem, cognitive radio (CR) has been proposed to replace the current and inefficient licensing scheme by allowing a group of users called secondary users (SUs) to access the unused portions of the spectrum without causing harmful interference to the licensed users (also called primary users (PUs)).
Multicarrier transmission schemes like orthogonal frequency division multiplexing (OFDM) have several advantages over the single carrier ones in CR environment due to its high spectral efficiency, robustness to fading channels, flexibility to allocate resources among different users, ability to operate in discontinuous bands, and its capability to control the transmission parameters to avoid inducing interference to the PUs [2] . Using of multiple-input multiple-output (MIMO) technology increases data rate and diversity gain. Combining both multicarrier and MIMO technology has attracted great attention recently as a promising candidate for the CR systems.
The problem of resource allocation in conventional (noncognitive) MIMO-OFDM systems has been tackled in the literature (e.g. [3] , [4] and references therein). However, using of the resource allocation algorithms proposed for the non-CR systems is not always efficient in the CR ones as the interference constraint is not taken into consideration. In order to achieve CR regulations, several algorithms have been proposed recently [2] , [5] - [7] . In [2] and [5] , beamforming and optimum power allocation are utilized in the SUs in order to achieve the maximum capacity while satisfying the interference-power constraints. In [8] , a decentralized approach based on game theory is proposed to design cognitive MIMO transceivers. Hua et al. in [6] proposed a cooperative paradigm to enable the SUs to utilize the capability provided by the MIMO to relay the PUs traffic and simultaneously transmit their own traffic over the same accessed channel. In [7] , the non-convex joint resource allocation problem is translated into a distributed noncooperative game to find a set of precoding matrices at each CR node to maximize the throughput and steer away the interference from PUs and other SUs.
The CR network spectral efficiency can be improved by using the interference alignment (IA) technique. IA provides each user with half of degree-of-freedom of the system in order to achieve the optimal sum-rate for K-user interference channels [9] . In MIMO IA systems, a linear precoder at the transmitter side is combined with an interference suppression decoder at the receiver side in order to minimize the interference subspace dimensionality [10] . The finite number of antennas in each SU provides finite signal dimensions to align the interference at the PUs. IA clustering has been proposed to enable IA to be applicable in overloaded networks by overpowering IA feasibility conditions [11] , [12] . In this context, IA has been investigated in CR systems with MIMO employment on both PUs and SUs in order to allow SUs to utilize both free and non-free eigenmodes of PUs. This employment helps in removing the interference constraints from the optimization problem as it provides SUs with extra degree-of-freedom to align the received interference at PUs in the unused resources (e.g. [13] , [14] and references therein). As the PUs do not have MIMO spatial degree-of-freedom, several interference constraints are added to the optimization problem which increases the problem complexity. Recently, we have considered a single antenna employment at PUs in IA based CR systems for limited cases [15] - [17] . In [15] , a scenario with only three SUs is considered. Additionally, the impact of the physical layer modulation technique is studied in [16] , [17] . This paper generalizes the aforementioned work to tackle the overloaded CR systems.
In this paper, IA with frequency-clustering is utilized to improve the spectral efficiency of overloaded CR systems, in which each SU node is equipped with several transmitting antennas and co-located with a single antenna PUs. IA is used to increase the degrees of freedom per SU and, hence, improve the total throughput of the CR system while frequency-clustering is employed to overcome the feasibility conditions of IA. Aiming at achieving the maximum sumrate of the system, frequency-clustered IA based resource allocation scheme is formulated considering the total power and interference constraints. To reduce the high computational complexity of the optimal scheme, an efficient sub-optimal algorithm is proposed.
II. SYSTEM MODEL AND PROBLEM FORMULATION
In this work, a scenario of K secondary transmitters and receivers pairs is considered. The SUs are assumed to be colocated with the PUs in the same geographical area. As shown in Fig. 1 , the side-by-side frequency distribution of active and non-active bands is assumed. The active PU bands represent the bands already occupied by PUs while the non-active bands refer to the vacant bands that can be used by SUs. L active PU bands (W 1 , W 2 , ..., W L ) are assumed. Additionally, the nonactive bands are divided into N equal subcarriers each with ∆f bandwidth. Fig.2 shows an example of 6 SUs CR network, in which the transmission of the different SU pairs causes interference to the PUs as well as to the other unintended SU receivers. The induced interference should not exceed the prescribed limit of the allowable interference that can be tolerated by each PU, i.e. I l th . The numbers above the arrows represent the frequency-clustering that will be described later in this section.
In our model, each SU pair is assumed to have M T transmit antennas and M R receive antennas. The PUs are assumed to be equipped with a single antenna. The transmission on a given subcarrier is not restricted to one user at a given time. Rather, different SUs are allowed to share the different subcarriers by employing IA. Accordingly, the interference between SU pairs is managed by generating different precoding matrices based on MIMO IA technique. By considering a multicarrier technique, the frequency orthogonality can be achieved between subcarriers, which enables the independent application of IA on each subcarrier. Each SU transmitter sends d data streams to its intended receiver. The transmitted data stream x n k ∈ C d×1 over the n th subcarrier is multiplied by the precoder matrix V n k ∈ C MT ×d . Using this precoding, the desired data is aligned at its own receiver in the interference-free subspace while the interference signals from other SU transmitters are aligned at the interference subspace [9] , [10] . By assuming a perfect knowledge of the channel state information (CSI) at each node, the discrete-time complex received signal at the k th receiver over the n th subcarrier is represented as
where U n k ∈ C MR×d is an orthonormal linear interference suppression matrix applied at the k th SU receiver, H n kj ∈ C MR×MT denotes the channel frequency response between j th SU transmitter and k th SU receiver, and z n k ∈ C MR×1 is the zero mean unit variance circularly symmetric additive white Gaussian noise (AWGN) vector at SU receiver k.
If perfect IA is achieved, only the undesired SU interfering signals to the k th SU receiver is aligned and cancelled. That is [9] 
and
According to IA feasibility conditions for a constant Kuser MIMO interference channel, the interference can be completely eliminated at each SU receiver when the feasibility conditions in [18] and [19] are achieved. Furthermore, the precoder and decoder matrices can be designed to achieve perfect IA using closed-form solution or other algorithmic methods as presented in the literature for many cases (e.x. [9] , [20] , [21] ). Assuming perfect IA is achieved, the received signal in (1) becomes
and, hence, the total sum-rate of the SUs over the n th subcarrier is
where
where R n k is the capacity of the k th SU user and
d×d is the input covariance matrix for the k th SU user at the n th subcarrier. Therefore, the transmitted power by the k th SU user over the n th subcarrier is P n k = Tr (S n k ). Moreover, J n l,k is the total interference introduced by the l th PU transmitter in the n th subcarrier to the k th CR user [22] , which can be expressed as
Globecom 2014 -Cognitive Radio and Networks Symposium where Dn represents the spectral distance between the n th CR subcarrier and l th PU band. ψ l e jω is the power spectral density (PSD) of the l th PU signal and y n,m l,k is the channel gain between the m th SU antenna at the k th SU receiver and the l th PU signal over the n th subcarrier. L l=1 J n l,k can be modeled as AWGN, which is a general assumption in this research area (e.g. [23] and references therein). This assumption is justified using the central limit theorem. Therefore, σ n k
Similarly, the interference caused by the k th SU transmission to the l th PU receiver over the n th CR subcarrier can be expressed as [2] , [22] 
where G n k,l ∈ C 1×MT denotes the channel gain between the the k th SU transmitter and the l th PU over the n th subcarrier and Ω n l is the interference factor between the n th subcarrier and the l th PU, which is represented as
where Φ n is the PSD of the n th subcarrier. Our objective is to maximize the total throughput of the CR system subject to the interference introduced to the PUs and transmit power budget constraints. IA allows SUs to share the spectrum resources simultaneously, which increases the degrees-of-freedom of the CR system. However, this advantage of using IA is restricted by the IA feasibility since perfect IA can be attained up to a certain number of SUs, K f . Therefore, the formulation of IA based resource management problem should consider this limitation by scheduling only K f SUs, in which IA is feasible, to share a given subcarrier. Furthermore, the interference from SUs to PUs should be considered in the formulation since each PU has a single antenna. The problem can be formulated as
where w n,k is the subcarrier allocation indicator, i.e. w n,k = 1 if and only if the n th subcarrier is allocated to the k th SU. The constraint (10b) represents the k th SU total power constraint (P k ), while a positive transmission power at each antenna is guaranteed by (10c). The constraint (10d) ensures that the total interference induced by SUs to the l th PU is below the prescribed interference threshold I l th . The equality condition K k=1 w n,k = K f ensures that any given subcarrier can be shared by K f SU links, where IA feasibility is accomplished and, consequentially, perfect IA can be achieved.
The optimization problem P1 is a mixed-integer optimization problem. The complexity of the optimal scheme is generally prohibitive. Therefore, a low-complexity sub-optimal algorithm is presented in the next section.
III. SUB-OPTIMAL RESOURCE MANAGEMENT ALGORITHM
To solve the resource allocation problem P1 efficiently with low computational complexity, a two-phase sub-optimal algorithm is proposed. In the first phase, for overloaded secondary systems where the number of SUs doesn't satisfy IA feasibility conditions, IA frequency-clustering is performed in order to schedule K f SUs per subcarrier. This phase can guarantee feasible and perfect IA on each subcarrier, which can overcome the IA feasibility constraint [11] , [12] . After that, the available power is distributed among users and subcarriers without violating the interference constraint in the second phase. In the sequel, detailed description of the two phases is provided.
A. First Phase: IA Frequency-Clustering
This phase needs to be performed in case of having an overloaded CR system, i.e. the number of SUs, K, doesn't satisfy the IA feasibility condition. As the perfect IA can not be obtained in this case, frequency-clustering algorithm can be executed to cluster the SUs into feasible groups from IA point of view. Without loss of generality, we assume that K is a multiple of K f .
The description of the clustering phase can be commenced by defining A and B = {1, .., K} to be the sets that contain all the non-assigned subcarriers and all the SUs, respectively. Furthermore, define C = {c(1), .., c(A C )} to be the sets of all possible clustering combinations where A C refers to the number of clusters while c(i) ∈ C refers to the group of SUs inside the i th cluster. Each cluster has K f SUs and hence, C can be formed by generating all the possible combinations of K f users. Each cluster must satisfy that c(i) ⊆ B, c(i) ∩ c(j) = ∅; ∀(i = j), and
For each subcarrier, the cluster that has the maximum sum-rate after performing IA is selected, which considers the channel quality and per-user power budget. The users inside this cluster are the only allowed SUs in the system to transmit over that subcarrier. Accordingly, for the n th subcarrier, the cluster selection process can be formulated mathematically as
where X = {c * 1 , .., c * N } is the set of the selected clusters for all subcarriers, and S n k is found by performing waterfilling that considers the channel quality of the SUs [24] . The clustering procedures are summarized in Algorithm 1.
As an example, consider that 6 SUs are operated with M R = M T = 2 and d = 1 over N = 4 subcarriers as seen in Fig.2 . This network is considered overloaded since IA is only feasible for 3 SUs. Therefore, IA frequency-clustering is performed and the users are scheduled according to the numbers above the arrows in Fig.2 . This means that SU 1 , SU 2 , and SU 4 are scheduled to use the first subcarrier while the second subcarrier is shared between SU 2 , SU 3 , and SU 6 . 
end for 8: Choose the set c * n such that R n T is maximized.
9:
Remove n from A 10: end while
B. Phase Two: Power Allocation
By the frequency-clustering phase, the subcarriers are allocated to the different clusters. Therefore, the subcarrier indicators w n,k are already determined from the previous phase. Therefore, the power allocation problem can be formulated as follows P2 : max
To make the analysis more clear and without loss of generality, we assume that each SU sends one data stream to its intended receiver (ex. [11] ). Accordingly, the sum-rate in (6) can be written as
. Therefore, the optimization problem P2 can be reformulated as
The problem P3 is a convex optimization problem. The Lagrangian can be written as
where β k , α l and µ n k are the non-negative Lagrange multipliers. P3 solution can be expressed as
where [y] + = max(0, y). The optimal solution of problem P1 requires high computational complexity and its complexity grows exponentially with the number of subcarriers. This motivates to propose a less complexity algorithm to approach the optimal solution.
By ignoring the per-SU power constraints and considering only the l th PU interference constraint, the problem is reduced to P4 : max
where ( · ) represents the variables that are optimized under the interference constraint only. By solving P4 ; ∀l ∈ {1, 2, · · · , L}, we obtain
where the Lagrange multiplier α l is evaluated using (18) and (17b) as
Accordingly, the power can be allocated to SUs and subcarriers as stated in the following stages.
1) Finding the maximum power: the maximum power P n k (max) that can be allocated for the k th user over the n th subcarrier is determined by solving P 4 for every interference constraint and assign P n k (max) value according to the following formula
By applying this formula, one can guarantee that the interference introduced to the PU bands is below the maximum limit.
2) Checking power budget constraints: when the maximum power P n k (max) is determined, the per-SU power constraints are tested. If the relation
P k is satisfied for all SUs, the optimal solution of of the optimization problem P3 is determined to be P n k = P n k (max) which is equal to the maximum power that can be allocated to each subcarrier. Otherwise, proceed to the next steps. 3) Distribution of the power budgets: the power budget P k for each SU is distributed among its allocated subcarriers subject to be lower or equal to the power upper-bound of each user at each subcarrier P n k (max) . The problem is formulated as a cap-limited waterfilling problem [25] as follows P5 : max
where P n k is the allocated power by solving problem P5. This problem can be solved efficiently using a successive application of the conventional waterfilling concept. As a starting point, the waterfilling solution is found as [24] 
where P n k,W F is the allocated power by waterfilling solution for the k th user at the n th subcarrier and λ is the waterfilling level. Thereafter, if the power allocated by waterfilling solution P n k,W F is greater than P n k (max) , the power is readjusted to P n k (max) and the already allocated power is subtracted from the total power budget. Then, successive waterfilling is performed over the users and subcarriers that did not exceed the maximum power P n k (max) in the last step until reaching the iteration in which P n k doesn't exceed P n k (max) for any user and subcarrier. 4) Re-adjustment of the power levels: the allocated power per subcarrier P n k found by solving P5 is less than or equal P n k (max) . Therefore, some of the allocated power P n k doesn't not reach the maximum allowed power. Consequently, the system loses some of the allowed degrees of freedom as the interference constraint is not satisfied with equality which decreases the capacity of CR system. Therefore, some power can be moved from one subcarrier to another in order to enhance system throughput. This can be achieved by updating the maximum power that can be allocated to each subcarrier P n k (max) depending on the residual interference I l R , which can be calculated as follows
Assuming that B l is the set of subcarriers that reach the maximum allowed power, i.e. P n k = P n k (max) ; ∀n ∈ B l , then, P n k (max) ; ∀n ∈ B l can be updated by applying the equations (18)- (20) on the subcarriers in the set B l with the updated interference constraints, which can be evaluated as
Finally, the procedures of the cap-limited waterfilling that were used to solve problem P5 is re-performed to find the final solution P n k = P n k . At this point, the solution P n k is approaching the optimal solution and satisfying the interference constraints with equality as well as guaranteeing that the total power budget constraints are satisfied.
The power allocation phase is described in Algorithm 2.
Algorithm 2 Sub-Optimal Power Allocation Algorithm 1: ∀l ∈ {1, · · · , L}, Find P n k (l) using (18) and (19) . 2: ∀n and ∀k, Evaluate P n k
Let P n k = P n k (max) and stop the algorithm. 5: end if 6: ∀n and ∀k, Execute the cap-limited waterfilling under the peruser constraint P k and the maximum power that can be allocated to each subcarrier P n k (max) and find the set B l where P n k = P n k (max) . 7: Evaluate the residual interference I l R using (23) and the updated interference constraints I ′l th using (24). 8: Perform Steps (1-2) to update P n k (max) . 9: ∀n and ∀k, Execute the cap-limited waterfilling under the peruser constraint P k and the updated maximum power that can be allocated to each subcarrier P n k (max) and set P n k = P n k .
IV. SIMULATION SETUP AND RESULTS
In our simulation, we investigate the performance of using IA algorithm based resource allocation. The performance is compared with frequency division multiple access (FDMA) technique as an orthogonal transmission scheme in MIMO-OFDM CR network. The CR system is assumed to have K = 9 SUs with N = 128 subcarriers. The PSD of the n th subcarrier of the OFDM system is expressed as [2] Φn (f ) = Ts sin πf Ts πf Ts
where P n is the total transmit power emitted by the n respectively. M T = M R = 2 antennas at each SU node are assumed while a single antenna at each PU node is considered. Two active PU bands are assumed where each has 10 MHz bandwidth. Channel realizations have been drawn from independent and identically distributed Gaussian distribution with zero mean and unit variance. All the results have been averaged over 1000 iterations. In this scenario, IA is only feasible for K f = 3 SUs, and IA solution can be evaluated using the closed-form solution presented in [9] .
In terms of complexity, the optimal CR-IA enumeration scheme needs to iterate K K f P N times to exhaust all the cases where r i denotes the binomial coefficient r choose i while r P i is the number of possible permutations of i objects from a set of r. Accordingly, the computational complexity of the optimal scheme is O
The complexity of the optimal scheme is very hard to afford and hence, a sub-optimal approach is proposed. Frequency-clustering in algorithm 1 has a complexity of
Moreover, step 1 in Algorithm 2 has a waterfilling like computational complexity of O(N log N ).
Step 1 should be performed for L interference constraints, hence the complexity of step 1 is O(LN log N ) ≤ O(KLN log N ). Steps 6 and 9 in the algorithm execute the cap-limited waterfilling for all SUs with a complexity O (N log N ) . Accordingly, the complexity of steps 6 and 9 is O(KN log N ) ≤ O(KLN log N ).
Step 8 has a complexity of O(|B l |log|B l |) ≤ O(KLN log N ) considering all SUs. Hence, The complexity of the proposed sub-optimal algorithm is lower than
Obtaining the optimal solution of problem P1 is very hard even for small number of subcarriers and users. For the purpose of performance comparison, the following algorithms are considered in the simulation: 1) IA Clus+Optimal: performs frequency-clustering using Algorithm 1 and evaluate the optimal power distribution using CVX toolbox [26] . 2) IA Clus+Suboptimal: applies frequency-clustering using Algorithm 1 and perform the power allocation based on Algorithm 2. 3) CR-FDMA: distributes the different radio resources optimally considering an FDMA system as in [5] .
We first show the impact of the interference threshold with I 1 th = I 2 th on the average sum-rate when the per-SU power budget is set to be P k = 0 dBm, as shown in Fig. 3 . In general, for all resource allocation methods, the average sum rate increases as the interference threshold levels increase since each SU has more flexibility to allocate more power on its subcarriers. It can be observed that IA Clus+Suboptimal algorithm strictly matches the corresponding curves of IA Clus+Optimal, which reveals the efficiency of the sub-optimal algorithm. It can be observed that IA Clus+Optimal and IA Clus+Suboptimal algorithms achieves higher sum-rate in compared with CR-FDMA algorithm. Furthermore, sum-rate gap between IA based resource allocation algorithms and CR-FDMA increases with the increase of interference threshold until a certain interference threshold value. After this value, the gap remains constant as the CR behaves like a non-CR system where the interference constraint has no effect on the optimization problem.
The average sum-rate versus per-SU power constraint is presented in Fig. 4 where I 1 th = I 2 th = −20 dBm. The sum-rate of the CR systems increases as the per-SU power budget increases up to certain power value, afterwards the sumrate remains constant because the CR system reaches to the maximum power that can be allocated under the interference threshold. Similar to the previous figures, the gap between IA based resource allocation algorithms and CR-FDMA increases with the increase of the power constraints, which shows the efficiency of IA in using the available radio resources. Fig. 5 presents the outage probability of the different algorithms against interference threshold when the per-SU power budget is set to be P k = 10 dBm, where the minimum rate for each SU is set to be 50 Mbits/sec, i.e. R min = 200 bits per OFDM symbol. Generally, the outage probability decreases with the increase of interference constraint as the algorithms become more able to support the minimum instantaneous rate for the different users. Furthermore, the outage probability of the IA Clus+Suboptimal is very close to IA Clus+Optimal, and both are much lower than that of the CR-FDMA. It is clearly observed from this figure that IA based resource allocation algorithms is able to achieve a high-level of fairness among the different users. Fig. 6 presents the average sum-rate versus the number of SUs when the interference threshold is I 1 th = I 2 th = −20 dBm and the per-SU power budget is P k = 10 dBm. Generally, the sum-rate increases with the number of SUs due to the increase in the multiuser diversity. Moreover, IA based resource allocation algorithms exploit much more gain from the increase in the multiuser diversity than CR-FDMA as the IA based resource allocation algorithms allows more users to share the available resources.
V. CONCLUSION
In this paper, IA with frequency-clustering is used to achieve efficient resource management in overloaded MIMO CR systems. In the proposed algorithm, groups of SUs, that can satisfy IA feasibility conditions, share the available spectrum employing IA technique without affecting the quality of service of the primary system. The different SUs groups are found via frequency-clustering. The problem is formulated as a mixed-integer problem. Furthermore, an efficient sub-optimal algorithm is proposed to reduce the computational complexity of the problem through two phases. The users are grouped into different clusters in the first phase while the power is distributed among subcarriers in the second phase. Simulations show that IA technique achieves a significant sum-rate increase of CR systems in compared with traditional CR systems (CR-FDMA). Moreover, with a significant reduction of the computational complexity, the proposed suboptimal scheme achieves a very good performance.
